We point out complications inherent in biodiversity inventory metrics when applied to large-scale datasets. The number of samples in which a species is detected saturates, such that crucial numbers of detections of rare species approach zero. Any rare errors can then come to dominate species richness estimates, creating upward biases in estimates of species numbers. We document the problem via simulations of sampling from virtual biotas, illustrate its potential using a large empirical dataset (bird records from Cape May, New Jersey, USA), and outline the circumstances under which these problems may be expected to emerge.
However, for the past 20+ years, non-parametric estimators of numbers of species have been 41 used to estimate species richness, particularly a set of estimators based on sampling theory 42 (Chao, 1987) . Diverse data origins and variable data quality pose significant challenges for such 43 analyses, particularly when data are drawn from publicly accessible databases, rather than 44 collected individually by the researcher (Soberón et al., 1996; Lobo, 2008) . 45 However, those same publicly accessible databases offer exciting opportunities for novel 46 analyses (e.g., Cameron et al., 2018; Peterson et al., 2015) . Primary biodiversity data connect a 47 particular species with a place and a point in time (Sullivan et al., 2014) , and availability of such 48 data records has grown massively, now exceeding 10 9 records (e.g., Global Biodiversity 49 Information Facility, http://www.gbif.org, serving 1,017,227,764 records as of 22 Aug 2018). 50 Although these data are heavily biased in terms of their spatial and temporal distributions, being 51 concentrated massively in Europe and North America and a few other, scattered regions (Yesson 52 et al., 2007; Peterson & Soberón, 2018) , the promise of genuine, macroscale, synthetic insights 53 remains, and is growing. 54 In this contribution, we report on a complication in application of the customary statistics 55 for measuring species richness (Colwell & Coddington, 1994) to very large-scale (e.g., 10 6 56 records or larger) biodiversity incidence datasets (i.e., records only of presence, and not of 57 abundance). Biodiversity datasets have long been of modest dimensions only, and the field has 58 been built on metrics and methods equipped for those dimensions. In the course of studies of 59 avifaunal change over recent decades in North America that are pending publication, we noted 60 that species richness estimates are affected significantly by what would seem to be negligible 61 numbers of errors among the real data records (see Fig. 1 , for an example from a site that is 62 sampled massively by birdwatchers). We present a brief conceptual summary and a 63 demonstration of the problem via a simple simulation; we conclude with an exploration of how 64 such problems can be avoided or mitigated.
The nonparametric approach has been preferred greatly, since it does not make 81 assumptions about underlying distributions of abundances or detection rates of species (Chao & 82 Shen, 2004; Chao & Chiu, 2016) . We focus on three nonparametric species richness estimators 83 based on replicated incidence data that estimate numbers of species actually present at a site but 84 not observed in the reference sample. All of the estimators correct observed richness (which is by 85 default a lower bound for a species richness estimator) by adding a term estimating the number 86 of species present but not detected based on numbers of species represented in one sample 87 (uniques), two samples (duplicates), or a few samples only (Gotelli & Colwell, 2011; Colwell et 88 al., 2012).
89
The reference sample for replicated incidence data consists of a species-by-sample matrix 90 in which each element (m ij ) corresponds to either the presence or absence of species i in sample j. 91 The number of columns in this matrix, T, is the number of sampling units in the sample; the 92 number of rows is the observed number of species, S obs . Q k is the number of species present in 93 exactly k sites of the sample, so the number of species present in the assemblage but not included 94 in the sample (undetected species) is Q 0 , the number of species unique to a single sample is Q 1 , 95 the number of duplicates is Q 2 , and so on. 96 Chao (1984) originally derived an estimator of species richness S obs for abundance based 97 data that is now called Chao1, which she later recast for incidence data (Chao, 1987) . This latter 98 estimator, now called Chao2, is 99 100 (1)
where T is the sample size available for the overall calculation. The first expression of equation 103 (1) reflects the classic Chao2 estimator; however, this estimator is undefined when Q 2 = 0. The 104 second expression in equation (1) is a corrected form that is always obtainable and defined.
105
A second estimator of interest, the incidence coverage-based estimator (ICE), is based on 106 the concept of sample coverage: the proportion of the total number of incidences in a set of 107 sampling units that belong to the species represented in the sample. Sample coverage is a 108 measure of the information available regarding occurrence of relatively rare species in the 109 sample (Chao & Chiu, 2016): its estimator depends on the complement of the proportion of 110 singletons, in relation to the total number of incidences of the infrequent species (Colwell, 1994) . 111 A third type of species richness estimator is based on the statistical method of jackknifing, a bias 112 reduction technique involving removing subsets of the data and recalculating the estimator with 113 the reduced sample (Chao & Chiu, 2016) . Finally, we explored the method developed by Chiu 114 and Chao (2016) for microbial molecular diversity data to account for inflation of numbers of 115 singletons by sequencing errors (akin to identification errors); this method estimates the true 116 value of Q 1 based on Q 2 , Q 3 , and Q 4 , and uses the adjusted value in asymptotic diversity 117 estimates. It is important to notice that this method defaults to the classic Chao2 estimator when 118 both Q 3 , and Q 4 are equal to zero, otherwise the estimator of Q 1 (the true number of uniques) 119 would be undefined. Therefore, its application is only for a certain window of conditions. 120 Note that, for each of the estimators described above, the estimator does not take 121 advantage of the full frequency distribution of detections for species in an inventory effort-122 indeed, this partial use of the frequency distribution is the focus of this contribution. Three of 123 these estimators, as well as their corresponding variances and confidence intervals, can be 124 computed using EstimateS (Colwell & Elsensohn, 2014) and a new version implemented in R 125 (Chao & Chiu, 2016) ; the final estimator can be computed using the R version only. We used 126 EstimateS (version 9.1.0; Colwell & Elsensohn, 2014) for the older three nonparametric 127 estimators, as that platform is that which has seen the greatest use by the biodiversity 128 community, and the R version for the latter estimator.
157 Results
158
The simulation results showed clearly that the estimators converged well on the true 159 value (100 species) in the error-free simulations, and that Q 1 and Q 2 approached zero in 160 increasingly large samples (Fig. 2) . The effects of adding the very rare "error" species were also 161 quite clear: early samples lacked error species entirely, as they were just too rare to show up in 162 relatively small samples. Only late in the simulation, after 400-1000 replicates, did these species 163 begin to appear in the analysis datasets (red bars in Fig. 2) .
164
The results of the first phase of the simulation showed that, with ~150 samples, estimates 165 of numbers of species in the community settled at 100 species, which is the correct number of 166 species (Fig. 3, top) . However, when rare species were introduced at minuscule abundances 167 compared to the "real" species, even though the results settled initially on the correct answer of 168 100 species, later-when the rare species begin to appear-a consistent upward bias was noted 169 (Fig. 3, bottom) .
170
The Chiu and Chao (2016) method showed consistent underestimation of true species 171 numbers for modest numbers of days of sampling ( Fig. 4 ), although this bias disappeared with 172 large sample sizes. At modest sampling levels, although analyses of the simulated data with error 173 better approximated the true number of species (100; Fig. 4 ), the consistent underestimation in 174 error-free analyses suggests that this outcome may represent a balance between downward bias 175 in error-free estimates and upward bias introduced by the errors. 176 The remaining estimators showed behavior similar to that of Chao2: ICE, Jackknife1 (first-177 order), and Jackknife2 (second-order) analyses, in the first simulation phase, settled on 100 178 species at ~100 samples, but in the second phase were biased upwards markedly by 150-250 179 samples (see Supporting Information). Finally, we explored different abundance distributions for 180 the simulation-indeed, in all log-normal and gamma distributions that we assessed, biases were 181 clear, just as in the results we have presented above. This contribution centers on how inventory statistics need to evolve in the face of larger 185 and larger magnitudes of biodiversity data sets. That is, we have shown that any errors in the 186 data (e.g., misidentifications, misspellings), even at very minor frequencies, can easily end up 187 dominating the estimation process with the common and long-used nonparametric estimators, 188 such as Chao2; the older species accumulation curve approach also would clearly overestimate 189 numbers, given that "error" species would appear as species documented in the inventory. These 190 biodiversity inventory statistics are important, offering crucial additional information to the 191 process of biotic inventories; therefore, updating and amending these approaches to approaches 192 that are less vulnerable to bias, or at least being cognizant of the potential for problems in 193 estimation for big(ger) datasets, is important.
194
What solutions are available to a researcher with a big data set and the desire to develop 195 detailed analyses of species richness and inventory completeness? Quite simply, a diversity of 196 types of errors is found in pretty much every large-scale biodiversity dataset (Lamb et al., 2009), Finally, and particularly for the case of birds and a few other taxa for which species are 208 well documented, a third class of problems regarding species names may arise. Specifically, rare 209 visitors, often termed vagrants, are valid species names, and the species may genuinely be 210 present at the site at some (rare) point in time (see Fig. 1 ). However, depending on the specific 211 definition of the biota under consideration, these species may not be relevant. That is, detection 212 and documentation of such species depends on continuous, intensive presence of observers or 213 collectors, and also on the presence of the "experts" who will be experienced enough to detect 214 and report such records, and whose records of such species will be believed and accepted. Such 215 dependencies will easily create biases that may make certain sites appear richer in species, when 216 in actuality they are richer only in high-level observers (Dittmann & Lasley, 1992). More 217 generally, this point serves to indicate that biotic inventories need to be defined carefully in 218 terms of a particular point or span of time and space.
219
The method presented by Chiu and Chao (2016) was developed for application to 220 microbial molecular diversity data to account for inflation of singletons by sequencing errors, 221 which is closely akin to problems created by identification errors in species inventories. This 222 method estimates the true value of Q 1 , based on Q 2 , Q 3 , and Q 4 , and uses the adjusted value in 223 asymptotic diversity estimates. This estimator, in our simulation-based assessments, 224 underestimated true species numbers in the absence of error, but estimated the true species 225 number closely when errors were introduced-as such, the Chiu-Chao estimator may offer a 226 useful solution to the problems identified in this contribution for biodiversity inventory 227 estimates. In summary, in this note, we point out and document a complication with application of 231 the commonly used species inventory statistics, as biodiversity data sets grow to be large. The 232 base observation is that fauna sizes are finite, but sampling effort can grow without limit, which 233 shifts distributions of frequencies of observations of species towards larger and larger numbers-234 this phenomenon has the effect of rarefying the numbers of relatively rare species that inform 235 inventory statistics. Two processes are involved: (1) estimators depend on the frequencies of 236 detection of the rarer species, which decline to nil in very large datasets; and (2) erroneous 237 reports come to dominate the estimation process because errors are rare and real species 238 accumulate much larger numbers of observations, such that estimates can come to be based 239 entirely on noise rather than on signal. The first point is a simple consequence of massive-scale 240 sampling of finite biotas; the second, however, derives from the dependence of inventory 241 statistics on information from rare species. Solutions to these problems must involve detailed 242 cleaning and quality control of data, and careful definition of the relevant species pool that is 243 under study. Exploration of new estimators that take into account species with greater numbers 244 of records or that correct for biases in Q 1 (Chiu & Chao, 2016 )-may provide solutions to these 245 problems.
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